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Abstract This paper discusses the discovery of frequent pattern and association rules in databases, which is the most
fundamental and important problem in data mining area. Since the pioneering work of Agrawal, there has been an
increase of research interest in this problem. Yet, it is not fully addressed because of the inherent computational
complexity. We present an overview of the different kinds of algorithms and new developments of research in this

area, and discuss the future direction of the research.
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